In this paper we address the problem of extracting geometric models from low contrast volumetric images, given a template or reference shape of that model. We p r oceed by deforming a reference m o del in a volumetric image. This reference deformable model is represented as a simplex mesh submitted to regularizing shape c onstraint. Furthermore, we introduce an original approach that combines the deformable model framework with the elastic registration (based o n i t e r ative closest point algorithm) method. This new method increases the robustness of segmentation while allowing very complex deformation of the original template. Examples of segmentation of the liver and brain ventricles are p r ovided.
Introduction
We a r e i n terested in the extraction of geometric models of anatomical structures in medical images. Those models may be used for a surgery simulator with patient-speci c data or the study of pathologies evolutions (deformations of ventricles in the brain...).
Related Work
Due to the low c o n trast of images we are considering, standard segmentation methods like thresholding or edge extraction perform poorly. S e v eral optimized algorithms have been proposed: Segmentation can be achieved by registration of feature points 1], lines (such as crest lines 4]), surfaces or image volumes 10]. It may be di cult to extract feature points on complex shaped organs. We found that in the abdomen, the large variability in the relative location of the organs between patients made it di cult to perform a reliable registration. Some models built from geometric primitives have been proposed 11]. They tend to be very application speci c and they apply only for simple shapes.
The active contour models 6], known as snakes, have been widely used in 2D. Deformable surface models have been proposed 9] in 3D. In this paper we propose a similar approach with di erent constraints.
Parameterized models 8] are very compact representations of the objects they represent. However, they are often limited in their shape description. Statistical models 2] use statistical information extracted from a training set to constrain the deformations of a model. The di culty with this approach is the construction of a reliable training set, especially in 3D.
Contributions
In this paper, we are proposing an algorithm for extracting geometric models of anatomic structures from volumetric images. Our method combines the deformable model approach with the registration approach in order to improve the robustness of the segmentation.
Deformable models are well suited for the modeling of complex shapes because their shape description includes many degrees of freedom. However, if they are not submitted to global constraints, they can deform locally and they are not robust against noise, outliers or even natural shape variability.
On the other hand, the approach of registering a reference geometric model w i t h a v olumetric image tends to be more robust because it deforms the model on a global scale. However, the geometric transformation used for the registration is in general too restrictive to represent t h e i n ter-patient v ariation of anatomical structures. Furthermore, when the geometric transformation includes a large number of degrees of freedom, the numeric computation becomes unstable.
We propose a method that combines those two approaches. This hybrid mode of deformations consists in an additional external force acting on a deformable model. This force is derived from the best geometric transformation between the actual model shape and the closest data points. This scheme limits the degrees of freedom of the deformable model and improves the robustness of the segmentation.
Constrained Deformable Models

Deformable Models
We are using 2-simplex meshes 5] to represent surfaces of IR 
The metric parameters are barycentric coordinates locating the projection of P i in the plane made by its three neighbors. The simplex angle describes the height o f P i above this plane. It is related to the notion of local discrete curvature of the surface. The metric parameters and the simplex angle describe the shape of a mesh with a given topology. This geometric description is up to a rigid or a scale transformation.
We can de ne the neighborhood of order s of a vertex P i , V s (P i ), a s t h e s e t of points connected to P i by a topological path of length lesser or equal to s.
We deform a mesh according to forces computed from the data. Thus, we need to extract some contour information to compute external forces applied to every vertices. We also need to apply regularizing or internal forces ensuring that deformations occur smoothly. Therefore we will express the total force applied on External Forces Computation We compute the external force applied on P i as the weighted sum of the gradient force f grad and the edges force f edge . I f w e know the grey level range gmin gmax] of the tissue to extract, we can use this information to exclude some outliers. f ext (P i ) = gradfgrad (P i ) + edgefedge (p i ) withf grad (P i ) = f grad (P i ) if gmin I(G i ) gmax and is null otherwise f edge (P i ) = f edge (P i ) if gmin I(E i ) gmaxa n d i s n ull otherwise. Since we are considering noisy data we m a y perform a smoothing of external forces over a n e i g h borhood s. W e then express the smoothed force applied on P i by:
s acts as a scale parameter controlling the smoothing e ect.
Regularizing Forces Computation Internal regularizing forces are related to the geometric properties of simplex meshes. They ensure smooth deformations of the surface. Using the scale parameter we w ant t o c o n trol the extent o f regularizing forces.
As shown before, the shape of a simplex mesh can be described by the met- where i is a weight of the applied regularizing force andP i is the location of the point de ned by t h ẽ j i and~ i . Specifying the~ i value set theP i location and therefore the resulting internal force f int (P i ) = @S i @P i = i P iPi .
Shape constraint
Let us consider a reference shape for a given mesh M described by the simplex angles f 0 i g i . Setting~ i = 0 i for each i, w e force the vertices to evolve t o ward their reference shape. Thus, a mesh evolving under the only regularizing forces will eventually come back to its reference shape. Figure 2 illustrates a deformed model of a face retrieving its reference shape under shape constraints. 
We p r o ved that~ i iteratively converges toward 0 i as soon as P j ij = r < 1.
We shall therefore consider 8i8j ij = r jVs(Pi)j with r constant.
A simple test shows that the scale parameter leads to a more global behavior of the surface while deforming. ) shows the distance between the deformed model and the reference position as a function of the scale parameter. It can be seen that the distance consistently decreases when the scale parameter increases. It means that with a higher scale parameter (a wider smoothing over the surface), the shape is better preserved during the deformation. The graph also shows that the deformation is far better with the shape constraint (the solid line) than the simplex angle continuity constraint (the dashed line).
The shape constraint s c heme provides a very interesting behavior: when data is missing, the model tends to deform toward a given shape corresponding to an a priori knowledge of the organ shape.
Global Transformation
Another way of deforming the model is to use only global transformations to drastically reduce the space of allowable deformations. Thus the model can be registered as closely as possible to some data points by a global transformation f.
Consider the pair of points f(P i D i )g i where D i = P i + f s ext (P i ) (see eq. 1). We are looking for a global transformation f that minimizes the squared distance between P i and the corresponding D i :
where F is a functional space limiting the kind of deformation allowed. We h a ve been investigating the function spaces: F rig (rigid transformations), F sim (similarities i.e. rigid transformations with a scale factor), F aff (a ne transformations) or F spl (cubic B-spline transformations). They are ranked into increasing number of degrees of freedom since F rig F sim F aff F spl . Details on resolving equation 3 can be found in 7] for g in F rig , F sim or F aff and in 3] for g in F spl .
More complex, transformations could have been introduced. However, the evaluation of the best cubic B-spline transformation is already much more costly than the other transformations. It would be even more time consuming to evaluate transformations with more freedom degrees (such as higher order B-splines), not to mention numerical instabilities of the resolution method. In practice, we are limited in the set of usable global transformations.
Hybrid Models
We now have a locally regularized deformable model scheme and a set of global transformations varying from completely rigid to cubic B-spline transformations. Local deformations are often under-constrained: the model bends too freely and is too sensitive to outliers. Global transformations do not allow t h e model to t the set of morphological variations of some human organs and it cannot be extended due to computation time and numerical stability problems.
We propose an hybrid model combining the advantages of both approaches. The hybrid force applied on P i is written f s l+g (P i ) = f s ext (P i )+(1; )f s global (P i ) where is a locality parameter. The gure 5 shows a part of a s y n thetic cross model deforming under the local, hybrid and global schemes. The cross model has been rigidly moved away f r o m i t s reference location. A wireframe cross at the reference position attracts the model back to its original position using completely local deformations (left), hybrid deformations based on a rigid global transformation (center) and rigid transformations (right).
We obtain a trade o between local deformation and global transformation using the hybrid scheme. In the local case, the vertices locally deform and the shape is strongly disturbed. In the global case, the shape remain untouched. In the hybrid approach (here using = 2 0 % ) w e h a ve a n i n termediate behavior.
Since the locality factor plays a role similar to the scale parameter (a larger scale implies a more global behavior), we can bind and s: = ( 1 ; s=N m a x ) 3 where N m a x is the maximal neighborhood size. Organs segmentation from volumetric medical images if often a required stage for further analysis. Segmentation of the liver and vascular trees from abdominal CT-scan images is needed for laparoscopic surgery simulation. Study of brain ventricles deformations is also relevant for diagnosis of brain pathologies. For the liver, we use a template semi-automatically extracted from the NLM (National Library of Medicine data. For the ventricles we built a template from a brain segmented by h a n d .
The segmentation process requires two stages. The Initialization locates and scales the template of the organ we are considering inside the volumetric image. From this rough initial position, the model locally deforms using the hybrid constraints described above. The segmentation is achieved when the model stops deforming.
Initialization
We need a rst segmentation to initialize the mesh location. It can be obtained by a r s t v ery rough segmentation of the organ, using standard segmentation methods such as thresholding or isosurface extraction. Once we h a ve a n approximative contour, we deform our model to t it. Since we are relying on a shape constraint in the following stage, we m ust strongly constrain deformations so that we k eep an overall consistent shape.
We use the global deformation scheme described above to initialize the model. Thus we constrain allowable deformations in functions classes we have been investigating. We just need to match e a c h v ertex of the model P i with a point of the rough contour extracted. We use the Iterative Closest Point algorithm (ICP) 12] to do so. Figure 6 illustrates the slice of a liver model before and after ICP using an a ne transformation constraint.
The rough contour has been obtained by thresholding the data. The regular contour is the 2D trace of the model in the given slice. To obtain better matches in the ICP algorithm (and therefore better global transformation evaluation) we rst evaluate the best rigid transformation, then we add degrees of freedom by using the best similarity and nally the best a ne transformation. 
Results
We applied our deformation scheme on abdominal CT-scans (to extract the liver) and MRI brain image (to extract ventricles). Figure 7 shows each step of the segmentation process on a liver model. Up row is the initial model (left) and the model after the initialization stage (center-left). Only a ne transformations were allowed so the overall shape is almost identical. A slight variation of the orientation can be seen though. The model is then strongly constrained (centerright) with a low locality factor so that it deforms toward edges without being sensible to outliers. As the registration of the model with the image gets better, constraints are released (right) by increasing locality to let the model deform more locally. B o t t o m r o w of gure 7 shows the evolution of the intersection of the model with one slice of the data. Figure 8 shows the template of ventricles before (left) and after (right) the segmentation process. As expected, the overall shape of the organs has been We h a ve explained how to build deformable models and how t o c o m p u t e a s e t of deformations varying from rigid to completely local transformations. Using the hybrid deformation approach the model takes advantage of both global and local deformation schemes. Such constrained model provides an accurate mechanism to perform segmentation in low contrasted medical images.
In the future we plan to improve segmentation accuracy by using statistical information for locally controlling the deformation parameters. Our segmentation tool allows the construction of anatomical databases. From those databases we can study morphological variations of organs. Another possible use of databases is the study of pathologies evolution or organs growth.
